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Abstract

Background: Asdepression is highly heterogenous, an increasing number of studies investigate person-specific associations
of depressive symptomsin longitudinal data. However, most studiesin this area of research conceptualize symptom interrel ations
to be static and time invariant, which may lead to important temporal features of the disorder being missed.

Objective: To reveal the dynamic nature of depression, we aimed to use arecently developed technique to investigate whether
and how associations among depressive symptoms change over time.

Methods: Using daily data (mean length 274, SD 82 d) of 20 participants with depression, we modeled idiographic associations
among depressive symptoms, rumination, sleep, and quantity and quality of social contacts as dynamic networks using time-varying
vector autoregressive models.

Results: Theresulting models showed marked interindividual and intraindividual differences. For some participants, associations
among variables changed in the span of some weeks, whereas they stayed stable over months for others. Our results further
indicated nonstationarity in all participants.

Conclusions: Idiographic symptom networks can provide insights into the temporal course of mental disorders and open new
avenues of research for the study of the development and stability of psychopathological processes.

(IMIR Ment Health 2024;11:€50136) doi: 10.2196/50136
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Introduction

Background

Different lines of research have established the heterogeneous
nature of the etiology, clinical presentation, and treatment
outcomes of depression [1-4], thus demonstrating a need for
new ways to conceptualize and investigate the disorder. Thisis
indicative of a broader issue across specific psychiatric
diagnoses. The widespread evidence of substantial heterogeneity
within diagnostic |abels hasincreased the awareness of the need
for more individualized research on mental disorders [5].
Although clinical psychology has along tradition of interestin
the individual, most studies in clinical psychology rely on
nomothetic, cross-sectional data [5]. However, several
theoretical arguments[6-8] and empirical studies[9] have shown
that findings generated on a between-person basis are often not
applicable to within-person processes, calling into question the
extent to which cross-sectional studies are relevant for the
understanding of individua clinical cases. Recently, the
emergence of new theoretical approaches [10], statistical
methods[11], and optionsfor the collection of longitudinal data
[12] have led to a surge in empirical studies of within-person,
idiographic processesin clinical psychology [5].

Idiographic modeling of psychopathology has several possible
advantages compared to group-level models. Owing to its
potential to provide insights into tempora processes, an
idiographic approach using longitudinal data could inform
clinicians and researchers about the dynamics of psychological
processes of an individual in a specific context [13], which is
closely linked to clinical practice [14]. In combination with a
focus on experiencesin everyday life, idiographic modelscould
lead to an improved understanding of mechanismsthat influence
the development and trajectory of mental disorders. During
treatment, idiographic models could potentially be used to
provide data-informed feedback to patients and therapists[13],
develop personalized psychotherapy interventions[15], or design
mobile interventions that are tailored to the individual [16].

To study such within-person processes, researchers use
experience sampling methods to collect many observations per
individual over time, also known as intensive longitudinal data
[17]. Then, various forms of time series models can be used to
investigate the relationships among multiple variables across
time. Results of these models are often depicted as networks of
variables that interact with one another. Then, these can be
interpreted in accordance with the network approach of
psychopathol ogy that conceptualizes disorders as causal systems
of mutually interacting symptoms [11,18]. Networks based on
cross-sectional data have become very popular in the past few
years, particularly in research on depression [19]. However, the
so-called dynamic networks based on longitudinal data are
especialy promising for the network approach, as they both
potentially allow insights into how disorders emerge from the
interplay among individual symptoms over time and because
they can reveal individual differencesin symptom associations.
Idiographic network models have, for example, been used to
explore individual symptom patterns in different psychiatric
disorders [20,21], including depression [22], to investigate
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psychotherapy processes [23] or to identify individualized
treatment targets in eating disorders [24].

However, due to implicit assumptions of commonly used
dtatistical methods, these patternsare typically modeled as static
over time [25]. This approach restricts the investigation of
change processes that can be of central interest to researchers
and clinicians [14,26]. Therefore, most previous studies have
not been able to investigate whether and how individual
symptom networks change over time (for an early exception,
refer to the study by Wichers and Groot [27]). For example,
psychotherapistswho are using daily diary data of their patients
might be interested to examine whether the association between
stress at work and subsequent depressive mood changes during
therapy, astheir patients might be incrementally able to handle
stress better. This development would be difficult to account
for when using typica models. In addition to this issue,
experience sampling studies are often interested in variables
that may change very fast, such as perceived stress or mood,
and thus commonly follow individuals for a short time, often 1
or 2 weeks [28]. This study duration may be inappropriate for
constructs such as depressive disorders, as it might miss slow
changes developing over a longer time span, therefore
incorrectly assuming that associations among symptoms are
stable over time. We aimed to investigate the possibilities of
circumventing these limitations by using recently developed
methods for the estimation of time-varying models for
psychological applications [25,29]. So far, this approach has
not been used with time series data of multiple clinical cases.

Objective

In this study, we applied time-varying network modeling to
daily sdlf-report data of patients diagnosed with recurrent
depressive disorder to explore the idiographic course of
depression over several months and to gain insight into the
stability or instability of individual symptom networks of
depression. In addition to 2 daily depressive core symptoms,
namely anhedonia and feeling down, we included daily
summaries of sleep duration, rumination, and the quality and
guantity of social interactions as al these aspects have been
hypothesized to interact in depression. We chose theseitemsto
gain multifaceted insight into the course of depression while
limiting ourselvesto afew variables for the demonstration and
application of the chosen modeling technique. An in-depth
theoretical background discussion regarding the selection of
variablesis provided in Multimedia Appendix 1 [25,29-58].

To justify the necessity of time-varying modeling, which is a
more complex and data-intensive approach, we first tested
whether the data-generating process of each individual in the
time frame of our study was time varying by using a recently
proposed hypothesis test [25]. Given the nonstationarity of
participants’ time series, there were 2 main exploratory goals
for this study. First, we aimed to construct individual networks
for every patient to model the temporal associations among all
variables on a day-to-day basis. Second, we wanted to explore
the temporal dynamics of the individual course of depression
by investigating changesin the network structure over time. To
evaluatetheinitia indicators of trustworthiness of these models
for usein the assessment of individua patients, we further aimed
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to assess the stability of estimates, prediction errors, and
variance explained. The results of this study provide new
insightsinto thetime-varying nature of depression and highlight
the usefulness and limitations of new statistical approaches to
capture these temporal dynamics.

Methods

Transparency and Openness

This was, in part, a secondary analysis of the data previously
analyzed by Lorenz et a [30] on the idiographic association
between sleep and depression. Our analyses were preregistered
after data collection and before secondary data analysis using
the template for preregistration of experience sampling studies
[59]. The preregistration and all code for the analyses can be
accessed through Open Science Framework [60]. All deviations
from the preregistered protocol are explained in detail in
Multimedia Appendix 1.

Ethical Considerations

The study was approved by the ethics committee of the
University of Leipzig (258/17-€k). Participants who completed
thedata collection process were reimbursed €250 (approximately
US $280) for their efforts for each study phase, implying a
maximum individual financial compensation of €750
(approximately US $840). They could also keep the mobile
phone that was provided to them for the study.

Procedure

Data used in this study were collected as part of the research
project, Sensor-Based System for Therapy Support and
Management of Depression (STEADY). The overarching aim
of the project was the creation of a sensor-based system for
individualswith depression, integrating datafrom smartphones
and wearable and stationary sensors to monitor the course of
their disorder using self-assessments and physiological and
behavioral markers. The datafor this study were collected during
a feasibility study of the STEADY system. The STEADY
smartphone app was installed on a mobile phone that was
provided to the participants for the completion of self-report
protocols.

Data collection for the feasibility study was split into 3
consecutive study phases between 2017 and 2019, and they did
not differ in their self-report protocols. An overview of all
self-report questionnaires administered before, during, and after
the study phasesis provided in the preregistration. Participants
were also given wrist-worn fitness trackers and stationary sleep
sensors to collect passive sensing data. These data were not
included in the analyses due to their questionable data quality.
Within the smartphone app, participants were able to fill
morning and evening logs. They were asked to complete them
directly after waking up and shortly before going to bed,
respectively. Morning logs were available from 3 AM to 3 PM,
whereas evening logs were available from 3 PM to 3 AM.

Several precautionary measures were undertaken to assist in
using the app and to prevent the occurrence of missing data,
such as monthly visits to the study center and phone calls.
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Participants

Participants were recruited in cooperation with the Department
of Psychiatry and Psychotherapy (University of Leipzig Medical
Center, Germany). Potential participants were informed about
the study by their treating physicians. If they indicated interest,
they were contacted by a staff member of the study center, who
conducted the formal examination of inclusion and exclusion
criteria. If the individual was found to be eligible, written
consent for participation was obtained from them. During the
initial diagnostic screening, invitees were inquired about
sociodemographic information and their medical history in a
semistructured interview. The Structured Clinical Interview for
Diagnostic and Statistical Manual of Mental Disorders—4 [61]
(in its German translation [62]) was used to assess psychiatric
diagnoses. The Inventory of Depressive Symptomatology,
Clinician Rated (IDS-C) [63] (in its German translation [31])
was used by trained ratersto assess current depressive symptom
severity.

Inclusion criteria were the following: having a diagnosis of a
recurrent depressive disorder; having a current depressive
symptom level of at least 14 points on the IDS-C; currently
being treated professionally for depression; being aged at | east
18 years; and living near the research center of the German
Depression Foundation in Leipzig, Germany, to accommodate
regular in-person appointments. Individuals were excluded if
they had severe somatic disorders; displayed acute suicidal
behavior; were pregnant or in the lactation period; had €l ectronic
implants; or experienced the following psychiatric
comorbidities. borderline personality disorder, schizophrenia,
alcohol or drug addiction, or schizotypal and delusional
disorders. For this study, we prespecified that participants should
have at least 130 days of data and <30% missingness for any
variable. Of the 25 total participants, we included 20 (80%)
individualsin our analyses. A detailed description of the sample
isprovided in the following sections.

M easures

Pre-Post Assessment of Depressive Symptom Levels

ThelDS-C [63] was used to describe depressive symptom levels
before and after the data collection period. It was assessed before
and after daily data collection and during some of the monthly
visits, but data from only 1 questionnaire each, before the start
and after the end of an individual time series, was used in this
paper. The IDS-C consists of 30 itemsthat inquire about arange
of depressive symptoms, of which 28 items (scored from 0-3)
were included in this paper. Items of the IDS-C are weighted
equally and combined into a sum score ranging from O to 84,
where a cutoff point of 13 was originally proposed to identify
individualswith symptoms[63]. The IDS-C has been evaluated
psychometrically in different populations, including individuals
with depression, in both its origina version and its German
tranglation [32].

Daily Diary Measures

A variety of self-report questions was used in the morning and
evening protocols. As preregistered, we chose a subset of all
self-report variables for the following reasons: theoretical
relevance for depression, assessment on a continuous scale,
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sampling frequency, frequency of missingness, and a general
preference for sparsity for our estimation method. In total, 6
daily items were used in this study: loss of interest or
joylessness, feeling down or depressed or hopel ess, rumination,
guantity of social contacts, quality of social contacts, and sleep
duration (refer to Multimedia Appendix 1 for the wording).

Thefirst 2 itemsrepresent depressive symptoms resembling the
items of the Patient Health Questionnaire-2 [64] and are listed
as core symptoms in the Diagnostic and Satistical Manual of
Mental Disorders, Fifth Edition [65]. For thisstudy, theseitems
were reframed to inquire about a single day. They were
described as anhedonia for the first item and feeling down for
the second item. The quantity and quality of social contacts
were also assessed using a visual analog scale, where
participants could indicate how many contacts they had and
how they felt about these socia contacts. All these items were
assessed in the evening logs. Total sleep time was assessed in
the morning logs. Participants were asked about when they went
to bed and when they got up in the morning. The time spent in
bed was cal cul ated by the app, and participants were then asked
how much of this time they spent sleeping. The items used in
this study have not been psychometrically evaluated but were
specifically created for the STEADY app. In addition to daily
guestions, some of the participants provided qualitative
information regarding significant life events during monthly
visitsto the study center.

Data Preparation and Statistical Analysis

Overview

The software environment R (version 4.1.1; R Foundation for
Statistical Computing) [66] was used for al analyses in the
study. Version control information and the R code for all
analyses can be accessed through the Open Science Framework
repository connected to this project [60]. All variables in the
data set were treated as continuous variables.

Missing Data

Owing to the long data collection period, several participants
had many blocks of consecutive data separated by an extended
period of missingness. To obtain the single longest time series
for each participant, we searched for the longest phase without
item-wise missing data for >7 consecutive days and discarded
the remaining data. We chose a maximum window of
consecutive missingness as we did not want to impute several
consecutive missing data points. A detailed workflow for
handling missing data is available in the preregistration. We
performed item-wise missing val ueimputation using the Kalman
filter, which has been shown to perform well in a previous
simulation study of idiographic network analysis[33]. We used
the Kalman filter from the R package, imputeTS [67], in its
default setting.

Statistical Analysis

Time-Varying Vector Autoregression

Vector autoregressive (VAR) models are time series models
that can be used to investigate the rel ationships among multiple
variables at a given lag size. For example, in a VAR model of
lag 1, the value of avariable at a given time point is regressed
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on the value of itself (known as autoregressive effect) and all
other variables (known as cross-lagged effects) at the previous
time point. As mentioned in the Introduction section, these
model s assume stationarity, meaning that the parameters of the
model are assumed to be constant over time, which may not be
appropriate for many research questions. Different techniques
have been applied to explicitly account for time-varying
parameters in psychological time series in the past, mostly
focusing on univariate or bivariate associations [23,68-70].
Recently, a new approach for estimating time-varying VAR
models based on kernel smoothing has been developed and
tested in a simulation study [25,29]. Using VAR models with
kernel smoothing allows the estimation of parameters that
change over time and choosing between models with different
degrees of flexibility to vary over time.

We used time-varying VAR models as implemented in the R
package, mgm [29], to estimate idiographic models with a
default lag size of 1 for reasons of parsimony. Further details
about the method and our implementation of the model are
available in Multimedia Appendix 1 and in the papers by
Haslbeck et al [25] and Haslbeck and Waldorp [29]. To obtain
the time-varying parameters, loca VAR models are estimated
at several equidistant estimation points and then combined. In
these local models, observations closer to a specific estimation
point are weighted more strongly than observationsfarther away.
The kernel weighting used to achieve this is characterized by
its bandwidth, which determines the number and weights of
observationsincluded in the estimation. We have described and
visualized the resulting models as dynamic networks. These
comprise hodes (representing variables) and edges (representing
the temporal associations among variables). The networkswere
visualized using the R package, qgraph [71].

Bandwidth Selection

Bandwidth selection represents a bias-variance trade-off [72],
where smaller bandwidths lead to highly local estimates and
faster changes. Large bandwidths >1 lead to an estimation that
isincreasingly similar to the results of estimating a stationary
model [25]. To select an appropriate individual bandwidth,
several candidate bandwidths were compared using a
time-stratified, 5-fold, cross-validation scheme. Then, we
selected the bandwidth that minimized the root mean sgquared
error (RM SE) across the test sets. Details about the bandwidth
selection scheme and an exploratory analysis of the robustness
of selection are available in Multimedia Appendix 1. A visual
illustration of the difference between bandwidths of different
sizesis provided in Multimedia Appendix 1.

Model Estimation

Using the selected bandwidth, parameter estimates for every
estimation point were then obtained via regularized regression
using theleast absolute shrinkage and selection operator (1asso)
[73]. The lasso is a regularization technique that shrinks
parameter estimates while possibly setting some of them to 0.
The choice of regularization parameters is explained in
Multimedia Appendix 1. As the lasso is sensitive to different
variances, we z-transformed al the variables before &l the
analyses. Following the simulation study by Haslbeck et al [25],
our final model was estimated using 20 equally spaced
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estimation points. We distinguished the term estimation point
from the term time point, which refers to a single daily
observation.

Stability and Predictability

To gaininsight into the stability of the parameter estimates, we
used ablock bootstrap scheme to obtain bootstrapped sampling
distributions. We further computed the proportion of explained
variance (R?) and RMSE as prediction errors for each variable
at each estimation point. To accomplish this, we used the
weighted method of forming aprediction error asimplemented

in the mgm package. The R? values for all participants at all
estimation points are available in Multimedia Appendix 1.

Stationarity Hypothesis Test

To test whether the data-generating process of the time series
of an individual was stationary, we implemented a significance
test as proposed by Haslbeck et al [25] to test the null hypothesis
that the process was stationary. Details about the test are
available in Multimedia Appendix 1.

Table 1. Sample characteristics.

Siepeet a

Results

Sample Characteristics

The 20 included participants (n=13, 65% women) had a mean
ageof 44.4 (SD 11.6; range 26-67) years during screening. Data
were available for 274 (SD 82.4; range 154-539) days (ie, time
points) on average. In the selected time series of participants,
5.53% of the data were missing. Further information about the
missing data structure is provided in Multimedia Appendix 1.
Of the 20 participants, 18 (90%) were German citizens, 1 (5%)
had dua citizenship, and 1 (5%) had a different nationality. Of
the 20 participants, 11 (55%) had completed the general higher
education entrance qualification. On average, IDS-C vaues
decreased from 26 before the start of the time series to 22.9
afterward. Of the 20 participants, 18 (90%) took antidepressant
medication and 18 (90%) currently or previously underwent
psychotherapeutic treatment. More information about every
participant is provided in Table 1.

ID? Sex Agerange (y)° ;I;n;fhsernies M iSCSi ngness  ps.c¥ score before :jgtit(::olslcé)crt? ;f] ter EMA  Bandwidth
' (%) EMA® data collection

1 Female 40-45 311 12.6 24 10 0.45
2 Female 45-50 539 50 24 11 0.009
3 Male 50-55 308 3.7 38 30 0.12
4 Female 30-35 204 145 35 18 0.12
5 Female 40-45 205 38 19 1 0.12
6 Female 60-65 301 2.3 34 40 0.12
7 Male 40-45 309 6.9 7 2 0.23
8 Female 40-45 283 18 35 29 0.01
9 Female 35-40 189 29 19 38 0.01
10 Female 30-35 316 4.2 11 12 0.01
11 Male 40-45 204 1.0 19 9 0.12
13 Male 50-55 303 18 41 47 0.12
15 Male 50-55 263 8.1 28 57 0.01
16 Female 30-35 301 3.7 23 6 0.01
17 Female 30-35 154 29 27 21 0.12
18 Female 50-55 198 19.6 17 21 0.23
19 Female 25-30 303 2.7 20 23 0.01
20 Female 65-70 301 4.7 25 23 0.12
21 Male 25-30 194 7.2 27 25 1.00
22 Male 60-65 302 14 47 35 0.12

@0nly individuals who were included in the analyses for this study.
bwe provided age ranges to prevent the identifiability of participants.

®Missingness (%) reflects the individual percentage of item-wise missing data averaged over all variables.

dpsc: Inventory of Depressive Symptomatology, Clinician Rated.
®EMA: ecological momentary assessment.
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Stationarity Tests

Thetest for stationarity led to the rgjection of the null hypothesis
for all participants (20/20, 100%), meaning that we rejected the
hypothesis that the data-generating process of an individual
time series was stationary. The results for all participants are
availablein Multimedia Appendix 1. These results provided us
a first indication of the necessity of using a time-varying
approach for our data.

Case Studies

Overview

In the following sections, we have presented the individual
results of 2 participants (participants 6 and 11). Participant 6
was chosen because she provided qualitative information about
crucial life events during her time series, whereas the network
structure of participant 11 changed alongside a reported

Siepeet a

improved depressive symptomatology over time. We have
presented individual networks at estimation points 2, 10, and
19 to showcase models at the beginning, in the middle, and at
the end of the time series. We chose to present the 3 edgeswith
the highest intraindividual variability. We have included a case
study of participant 2 in Multimedia Appendix 1 to showcase
the potential shortcomings of the method that we used.

Participant 6

Participant 6 was a German woman in her 60s, in partial
retirement, with a comorbid anxiety disorder. She started
multiple antidepressant medicationsin the year before the study
began. She adso had previoudy undergone several
psychotherapeutic treatments, and she underwent psychotherapy
at the beginning of data collection. A bandwidth of 0.12 was
selected for her time serieswith afinal length of 301 days. Her
results are visualized in Figure 1.

Figure 1. Resultsfor participant 6: (A) networks at estimation points 2, 10, and 19; (B) time-varying parameters.
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The networks at estimation points 2, 10, and 19 (corresponding
to days 17, 143, and 285) are displayed in Figure 1A. Width
and saturation of edgesin the networks were scaled with respect
to an arbitrary maximum of 0.5 for all participants, as
approximately 80% of all absolute non-0 edge weights were
below this threshold. Time-varying parameters are shown in
Figure 1B. Estimates at the end of the time series need to be
interpreted with caution as fewer data are available for that
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period. Effects are sorted based on the extent of variability over
timein all plots—the effect with the highest variability is plotted
inyellow, the effect with the second-highest variability isplotted
in violet, and the effect with the third-highest variability is
plotted in blue. The autoregressive effect of rumination in orange
was added irrespective of its extent of variability over time.
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Immediately before the start of the time series, the participant
experienced panic attacks, and the dosage of her medication
was increased. A few days before the second estimation point
(approximately 32 days after the beginning of the time series),
she started to phase out her medication, in other words, she
continuously reduced the dosage. Both the negative cross-lagged
effect from the quantity of social contacts on sleep and the
positive autoregressive effect of sleep subsequently disappeared.
As self-report sleep involves a different time interval (night)
than the remaining measures that summarize the day, the
cross-lagged effectsincluding sleep are only interpretablein an
asymmetric fashion. In this example, socia contacts had an
effect on sleep during the subsequent night. Shortly before the
10th estimation point, the participant reported that she visited
a funeral and worried about a friend of hers. After that, an
autoregressive effect of rumination was detected, which can be
interpreted as a prolonged tendency to stay in a ruminative
thought process. No more qualitative information about life
events was availabl e after this time point. As with many other
participants, the bootstrapping results, which wedid not include
in this paper to keep the plot from being very visually cluttered,
indicated a substantial uncertainty of point estimates. This
implies that the specific numerical results of an association
should be interpreted with caution, asthey are likely unstable.

At the end of the time series, the network of participant 6 was
relatively strongly connected, with astrong autoregressive effect
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of anhedonia. Feeling down was positively associated with the
quantity of next-day social contacts but negatively associated
with their perceived quality. Her IDS-C sum score increased
from 34 to 40 from the beginning to the end of the time series,

indicating aworsening of her symptomatology. The average R?
value averaged over all items and estimation points was 0.113,
reflecting many estimation points with almost no associations,
which we observed for many participants with smaller
bandwidths. R was lowest in the middle of the time series and
highest at the end. While the networks of these participantswere
estimated to be empty at many estimation points, the remaining
networks changed very fast over time such that most estimated
edges were present only for a short time. In some cases, edges
even became inverted within afew estimation points, such that
the association between 2 variables was positive at one
estimation point and negative at another.

Participant 11

Participant 11 was a self-employed German man in his 40s,
who was prescribed an antidepressant medication to treat his
depression. He did not previously access any psychotherapeutic
services. Histime series spanned 204 days, and a bandwidth of
0.12 was selected for his data. Again, the estimated networks
and visualization of 3 parameters over time are presented in
Figure 2.
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Figure 2. Resultsfor participant 11: (A) networks at estimation points 2, 10, and 19; (B) time-varying parameters.
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The networks at estimation points 2, 10, and 19 (corresponding
to days 12, 97, and 193) are displayed in Figure 2A.
Time-varying parameters are shown in Figure 2B. The y-axis
in this plot is different from that in Figure 1 to accommodate
the large width of the bootstrapped sampling distribution.

At the start of thetime series, the network of participant 11 was
strongly connected. The effect of rumination on depressive
symptoms diverged in the beginning, with a negative effect on
next-day anhedonia and a positive effect on feeling down. Both
anhedoniaand rumination showed strong autoregressive effects
at the beginning of the time series. This indicates a resistance
to change for these variables, meaning that if alarger deviation
from their expected value occurs, it takes longer for these
variablesto return to their “normal” values. Over time, most of
these effects became weaker and ultimately disappeared,
whereas only autoregressive effects and a positive association
of rumination with next-day feeling down remained. At some
estimation points, awesk, positive autoregressive effect of both
social variables and a positive effect of quality on the quantity
of next-day social contactsemerged (not depicted in this paper).
In the end, the network of participant 11 became empty, which
was also observed in other participants (such as participants 1,
5, and 18). In addition, depressive symptomatol ogy, as measured
using the IDS-C, decreased from 19 to 9, which is an
improvement to what typically would bejudged as asubclinical
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symptom level. The average R® value over time points and
variableswas 0.228. It decreased toward the end, reflecting the
empty networks estimated at the end of the time series. All the
bootstrapped sampling distributions around the point estimates
pointed toward a strong instability of the point estimates,
showing that the interpretation of point estimates warrants
caution.

Model Quality

In addition to focusing on the individual associations among
variables and their change over time, we investigated model fit
indicesand the raw distribution of variablesto check the overall
quality of our models and possible violations of assumptions.

The RMSE and R? values were computed for every variable of
each participant at all time points. Averaged over al participants,

the mean RM SE was 0.865 (SD 0.111), and the mean R? value
was 0.235 (SD 0.181). Participant 9 showed the best fit, with

an RMSE of 0.714 and an R? value of 0.486, whereas participant

3 showed the worst fit, with an RMSE of 0.972 and an R? value
of 0.054. Overadl, this indicates large differences in model fit
among participants, with some models showing very poor fit,
whereas others had a relatively good fit to the data. There are
many potential reasonsfor these differences, such asoverfitting
or underfitting of the models or characteristics of the data that
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violate the assumptions of the model such as strong
nonnormality or abrupt changes.

For 30% (6/20) of the participants, we observed strong floor or
ceiling effects in at least 1 item, commonly in either core
depressive or social contact items, with the rel ative frequencies
of maximum or minimum scal e values exceeding 50%. Asthese
highly skewed data violated the model assumptions, we chose
not to interpret the resulting networks of these participants
further. However, participant 6 also showed a ceiling effect for
the first depression item, as she answered “al the time” for
approximately 54.8% (165/301) of the days. Nevertheless, we
chose to present her results, as none of the other items were
affected, and she provided more relevant quaitative information
than any other participant.

Discussion

Principal Findings

The goal of this study was to model the idiographic temporal
dynamicsof depressive symptomsand other variables associated
with depression using daily diary data to gain insight into the
temporal dynamics of the disorder. Therefore, we used arecently
developed modeling technique that allows for the estimation of
time-varying parameters. Both the results of our hypothesis
tests and the bandwidth selection procedure provided evidence
of substantial changes over time for most participants and thus
supported the use of a technique that accounts for these
dynamics. We described our results as networks of mutually
influencing variables and highlighted the changes in the
connections among them over time for exemplar participants.
Our results showed extensive variation over time for some
participants and marked variability among the networks of
different individuals, whereas the bootstrap results suggested
the general instability of point estimates.

Individual networks showed temporal associations that might
be useful for clinical interpretation and use in self-monitoring
contexts. A positive autoregressive effect of rumination, which
was present for some estimation points for participants 6 and
11, is sometimes termed as ruminative inertia [ 74]. Becoming
stuck in rumination might be a relevant cognitive mechanism
that explainsthe negative influences of rumination on depression
[74]. The contrasting effect of rumination on both depressive
symptomsfor participant 11 at some estimation pointshighlights
the notion that certain aspects of rumination could also be
adaptive for this individual at some times and could therefore
differentially impact depressive symptoms. Regarding
participant 6, observing a positive effect of feeling down on
next-day social quantity at the same time as a negative effect
on next-day social quality at the end of her time series could be
interpreted as seeking more social contacts after dayswhen she
felt depressed, possibly as aremedy or coping strategy, but still
being less able to enjoy them or shape them positively.

These person-specific relationships could then be translated
into atreatment context by discussing them with the patient or
by using them as hypothesis-generating models for potential
intervention targets [75]. In addition to specific temporal
associations, node-wise summary measures such as node
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centrality or predictability have been discussed as potential
indicators of the relevance of a certain symptom and,
subsequently, aspotential guidesfor intervention targets[24,26].
Time-varying networks provide a potential advantage over
time-invariant networks in that they could be leveraged for
just-in-time adaptive interventions [76]. For example, if the
increase of a certain symptom or behavior strongly predicts
increased depressive symptomatol ogy, such information could
be used to generate personalized interventions. We have
discussed the statistical issuesand potential solutionsrelated to
thistopic in the following sections.

As evident in the provided examples, the results of bandwidth
selection and in our hypothesis tests, we observed a strong
variation in parameter estimates over time, which highlights
the substantial variability of symptom interrelations within a
person over the course of their depression. This is consistent
with the results obtained by Howe et al [70], who found strong
intraindividual variation in the networks among different mood
states of participants over time. Asthey discussed, thisfinding
indicates that when associations among symptoms are not time
invariant, interventions based on an analysis of symptom-level
associationsthat do not take this variation over timeinto account
might be suboptimal. This could be especially relevant for the
development of personalized, just-in-time adaptiveinterventions,
which aim to provide personalized interventions at the right
time. For example, if the quantity of socia contacts showed a
negative predictive association with depressive mood at some
point but a positive one at another, an intervention to increase
social activity might not always be beneficial. Thus, our results
again reinforce recent calls for the use of network analysis
methods that are equipped to detect variation over time [26] to
better understand the dynamic nature of mental disorders.
Additional qualitative information, as we presented for
participant 6, could provide important information to interpret
the changes in parameters over time and thus increase the
clinical utility of the method.

The general decrease in the number and strength of next-day
associations aongside an improvement in depressive
symptomatol ogy, which was evident for both participant 11 and
other participants not shown in this paper, lends itself to an
interpretation from a dynamical systems perspective about
depression. The idea that individuals with more strongly
connected depressive symptoms are more susceptibleto ending
upinadepressive state (put forth by Cramer et a [77]) hasbeen
investigated in various populations and contexts [78]. The
time-varying approach used in this study could provide an
interesting, new perspective on theseissues[25]. The exemplars
presented in this paper are not meant to provide any substantial
evidence on the general question of the role of network
connectivity in mental disorders. Decreased connectivity was,
for example, also observed for participant 18, whose symptoms
worsened slightly.

Although we can draw interesting insights from individual
networks and their change over time, results for participants
with a small bandwidth (refer to Multimedia Appendix 1 for a
detailed case study) stand out because parameters changed fast
and many networks were empty. While it is possible that the
symptomatology of these individuals changes quickly and that
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no days, weeks, or months are alike, there are various other, at
least equally plausible reasons for these results. These include
the possibility of fundamental issues with assessment, such as
the inappropriateness of our measures or inaccurate responses
[79]. Irrespective of its root cause, the nature of these results
can hamper the usefulness of this method. We have discussed
the possible technical solutions to this issue in Multimedia
Appendix 1, but general issues with power and interpretability
remain notwithstanding.

These considerations point to amore general question: inwhich
contexts can time-varying model s be useful ? Simul ation results
have shown that time-varying models can outperform stationary
ones even at a low number of observations of approximately
50, under certain conditions [25]. Thus, in principle, these
models are both applicable to research, where one may be
interested in finding specific time-varying phenomena and
clinical contexts, where change over time may be interesting
information asfeedback for clinicians or patients. To makethem
useful in thelatter case, choosing an appropriate context where
gradual change is to be expected is important. In the case of
changes due to major life events reported by participants,
time-varying models that can accommodate abrupt changes
might be an appropriate choice [80]. Astime-varying techniques
need a large amount of data, the proper selection of a limited
number of variablesis crucial. The need for alarge number of
observations per individual can be easier to achieve with
passively collected data, such as from fitness trackers or
smartphone data. When a large amount of data are available
and there is alack of theoretical knowledge about the form of
relationships among variables, time-varying modelsmight prove
to be especially useful. In summary, when sufficient data can
be collected and some gradual change among variablesisto be
expected and is of interest, time-varying models can shine.

However, athough idiographic network models and
time-varying subtypes are promising approaches, their clinical
utility has not yet been established [81]. In general, idiographic
network models have only been applied to clinical practice in
small pilot studies [82]. Models that use purely data-driven
approaches based on datafrom a single individual have several
limitations, as they can ignore clinical judgment and can be
difficult to estimate and interpret properly [34,83]. Theseissues
can be counteracted by integrating clinical knowledge [83] or
information from other individuals into individual networks
[33,84]. These potential drawbacks of a purely idiographic
approach may seem contradictory to the information in the
Introduction section, where the nomothetic-idiographic divide
and the advantages of the latter were emphasized. Instead of
adopting an either-or perspective, highly person-specific
approacheswith intensive data coll ection such asthose presented
in this paper can till be crucial to provide individual feedback
and to detect phenomena that would be obscured with less
granular methods, thus serving as building blocksfor nomothetic
studies that aim to generalize these results.

Strengths and Limitations

Our study had several considerable strengths. We used an
innovative modeling techniqueto explicitly model time-varying
parameters in symptom networks. The combination of long
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individual time series with relatively few missing data and the
low number of variables, whichisdesirablefor the performance
of the presented method, was conducive to the quality of
estimation. Furthermore, our detailed preregistration and open
code provide transparency for other researchers.

However, the psychological processes that we are interested in
are complex and can occur on a variety of timescales, and our
assessments of those processes are affected by measurement
error [85,86]. Therefore, our models should be interpreted with
several caveatsin mind. In general, estimated effects are strongly
dependent on which variables are present or absent in the
network [87], implying that the inclusion of more depressive
symptoms would possibly change our results. Furthermore, the
results of parameter estimation crucially depend on the chosen
sampling frequency [88] and the subsequent lag choice [17].
Regarding measurement, the use of single items to assess
psychological constructs has psychometric disadvantages [14]
and may obfuscate the inherent heterogeneity of what likely
should not be considered as homogenous constructs (refer to
the paper by Bernstein et a [35] for the example of rumination).
Moreover, the specific items used in this study were not
previously assessed for validity or reliability.

A large number of empty or very sparse networks point to two
further limitations of our method. In general, idiographic
network models often experience power problems [33], which
are further exacerbated in the power-hungry estimation of
time-varying networks. Relatedly, regularization techniques
decrease sensitivity and prohibit the construction of conventional
Cls(refer to the paper by Williams et a [89] and Williams[90]
for adiscussion regarding lasso in network estimation).

Future Directions

There are multiple avenues for further studies. First, applied
researchers can use time-varying VAR models in scenarios
where substantial change can be expected and is of coreinterest,
and repeated intensive assessment isfeasible to better understand
thetemporal development of mental disorders. Second, building
on its potential clinical use, further methodological research
into the estimation method used in this study could provide
more information on best practi ces regarding modeling options.
Third, we observed the potential utility of qualitativeinformation
as context for time series data. Thus, further studies could
investigate best practices regarding the collection and integration
of qualitative information into intensive, longitudinal designs
and analyses.

Conclusions

Attempts to develop personalized models of psychopathology
have become increasingly refined in recent years. While there
have been large advances regarding the modeling of
interindividual variation, studies of variation withinindividuals
with high temporal solution have lagged. We have made a step
forward in this direction by explicitly modeling individual
changes in the associations among depressive symptoms over
time. Pronounced within-person variation in our results
highlightsthe importance of investigating the temporal dynamics
of symptoms and their interplay over time.

JMIR Ment Health 2024 | vol. 11 | €50136 | p. 10
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH Siepeet d

Acknowledgments

Thiswork was supported by the DY NAMIC center, which is funded by the LOEWE program of the Hessian Ministry of Science
and Arts (grant LOEWE1/16/519/03/09.001(0009)/98). The Sensor-Based System for Therapy Support and Management of
Depression project was supported by a grant from the German Federa Ministry of Education and Research (project
13GW0162B/13GW0162A). The Sensor-Based System for Therapy Support and Management of Depression Consortium consisted
of the German Depression Foundation; Institute for Applied Informatics, University Leipzig; Institute for Applied Informatics
Management GmbH; adesso SE; and Information Systems Institute, University Leipzig. BSS was supported with a scholarship
of the “ Deutschlandstipendium™ by the Goethe University Frankfurt during the creation of this paper (originally asathesisin the
psychology master’s program).

Authors Contributions

BSS, CS, AK, UH, and HR were involved in conceptualization. BSS and SL were responsible for the software. BSS, M S, and
SL wereinvolved in formal analysis. CS was involved in data curation. BSS, MS, and HR were involved in writing the original
draft. BSS, CS, MS, AK, SL, UH, and HR were involved in reviewing and editing. BSS was responsible for the visualizations.
CS, MS, UH, and HR were involved in supervision. CS, AK, UH, and HR were involved in project administration. CS, AK, UH
were responsible for funding acquisition.

Conflictsof Interest
None declared.

Multimedia Appendix 1

Supplementary materials.
[DOCX File, 1794 KB-Multimedia Appendix 1]

References

1. Ca N, Choi KW, Fried El. Reviewing the genetics of heterogeneity in depression: operationalizations, manifestations and
etiologies. Hum Mol Genet. Sep 30, 2020;29(R1):R10-R18. [FREE Full text] [doi: 10.1093/hmg/ddaall5] [Medline;
32568380]

2. Fried El. Problematic assumptions have slowed down depression research: why symptoms, not syndromes are the way
forward. Front Psychol. Mar 23, 2015;6:309. [FREE Full text] [doi: 10.3389/fpsyd.2015.00309] [Medline: 25852621]

3. Kesser RC, van Loo HM, Wardenaar KJ, Bossarte RM, Brenner LA, Ebert DD, et a. Using patient self-reports to study
heterogeneity of treatment effectsin major depressive disorder. Epidemiol Psychiatr Sci. Feb 2017;26(1):22-36. [FREE
Full text] [doi: 10.1017/S2045796016000020] [Medline: 26810628]

4. Mg M, Stein DJ, Parker G, Zimmerman M, Fava GA, de Hert M, et al. The clinical characterization of the adult patient
with depression aimed at personalization of management. World Psychiatry. Oct 2020;19(3):269-293. [FREE Full text]
[doi: 10.1002/wps.20771] [Medline: 32931110]

5. Wright AG, Woods WC. Personalized models of psychopathology. Annu Rev Clin Psychol. May 07, 2020;16:49-74. [FREE
Full text] [doi: 10.1146/annurev-clinpsy-102419-125032] [Medline: 32070120]

6. Borsboom D, Méellenbergh GJ, van Heerden J. The theoretical status of latent variables. Psychol Rev. Apr
2003;110(2):203-219. [doi: 10.1037/0033-295X.110.2.203] [Medline: 12747522]

7.  Hamaker EL. Why researchers should think "within-person”: a paradigmatic rationale. In: Mehl MR, Conner TS, editors.
Handbook of Research Methods for Studying Daily Life. New York, NY. The Guilford Press; 2012;43-61.

8. Molenaar PC. A manifesto on psychology asidiographic science: bringing the person back into scientific psychology, this
time forever. Meas Interdiscip Res Perspect. Oct 2004;2(4):201-218. [doi: 10.1207/s15366359mea0204 1]

9.  Fisher AJ, MedagliaJD, Jeronimus BF. Lack of group-to-individual generalizability isathreat to human subjects research.
Proc Natl Acad Sci U SA. Jul 03, 2018;115(27):E6106-E6115. [FREE Full text] [doi: 10.1073/pnas.1711978115] [Medline:
29915059]

10. Borsboom D. A network theory of mental disorders. World Psychiatry. Feb 26, 2017;16(1):5-13. [FREE Full text] [doi:
10.1002/wps.20375] [Medline: 28127906]

11. Bringmann LF, Vissers N, Wichers M, Geschwind N, Kuppens P, PeetersF, et a. A network approach to psychopathology:
new insights into clinical longitudinal data. PLoS One. Apr 4, 2013;8(4):e60188. [FREE Full text] [doi:
10.1371/journal.pone.0060188] [Medline: 23593171]

12. Shiffman S, Stone AA, Hufford MR. Ecological momentary assessment. Annu Rev Clin Psychol. Apr 2008;4(1):1-32. [doi:
10.1146/annurev.clinpsy.3.022806.091415] [Medline: 18509902]

13. Hayes SC, Hofmann SG, Stanton CE, Carpenter JK, Sanford BT, Curtiss JE, et a. Therole of theindividual in the coming
eraof process-based therapy. Behav Res Ther. Jun 2019;117:40-53. [doi: 10.1016/j.brat.2018.10.005] [Medline: 30348451]

https://mental.jmir.org/2024/1/e50136 JMIR Ment Health 2024 | vol. 11 | €50136 | p. 11
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=mental_v11i1e50136_app1.docx&filename=188018aa871a7b3ab045e626cc97b98d.docx
https://jmir.org/api/download?alt_name=mental_v11i1e50136_app1.docx&filename=188018aa871a7b3ab045e626cc97b98d.docx
https://europepmc.org/abstract/MED/32568380
http://dx.doi.org/10.1093/hmg/ddaa115
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32568380&dopt=Abstract
https://europepmc.org/abstract/MED/25852621
http://dx.doi.org/10.3389/fpsyg.2015.00309
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25852621&dopt=Abstract
https://europepmc.org/abstract/MED/26810628
https://europepmc.org/abstract/MED/26810628
http://dx.doi.org/10.1017/S2045796016000020
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26810628&dopt=Abstract
https://europepmc.org/abstract/MED/32931110
http://dx.doi.org/10.1002/wps.20771
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32931110&dopt=Abstract
https://doi.org/10.1146/annurev-clinpsy-102419-125032
https://doi.org/10.1146/annurev-clinpsy-102419-125032
http://dx.doi.org/10.1146/annurev-clinpsy-102419-125032
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32070120&dopt=Abstract
http://dx.doi.org/10.1037/0033-295X.110.2.203
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12747522&dopt=Abstract
http://dx.doi.org/10.1207/s15366359mea0204_1
https://europepmc.org/abstract/MED/29915059
http://dx.doi.org/10.1073/pnas.1711978115
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29915059&dopt=Abstract
https://europepmc.org/abstract/MED/28127906
http://dx.doi.org/10.1002/wps.20375
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28127906&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0060188
http://dx.doi.org/10.1371/journal.pone.0060188
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23593171&dopt=Abstract
http://dx.doi.org/10.1146/annurev.clinpsy.3.022806.091415
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18509902&dopt=Abstract
http://dx.doi.org/10.1016/j.brat.2018.10.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30348451&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH Siepeet d

14.

15.

16.

17.

18.

19.

20.

21

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

PiccirilloML, Beck ED, Rodebaugh TL. A clinician’s primer for idiographic research: considerations and recommendations.
Behav Ther. Sep 2019;50(5):938-951. [doi: 10.1016/j.beth.2019.02.002] [Medline: 31422849]

Rubel JA, Fisher AJ, Husen K, Lutz W. Trand ating person-specific network modelsinto personalized treastments. devel opment
and demonstration of the dynamic assessment treatment algorithm for individual networks (DATA-IN). Psychother
Psychosom. 2018;87(4):249-251. [FREE Full text] [doi: 10.1159/000487769] [Medline: 29680835]

Wang L, Miller LC. Just-in-the-moment adaptive interventions (J TAl): a meta-analytical review. Health Commun. Nov
05, 2020;35(12):1531-1544. [doi: 10.1080/10410236.2019.1652388] [Medline: 31488002]

Hamaker EL, Wichers M. No time like the present: discovering the hidden dynamicsin intensive longitudinal data. Curr
Dir Psychol Sci. Feb 08, 2017;26(1):10-15. [doi: 10.1177/0963721416666518]

Borsboom D, Cramer AO. Network analysis: an integrative approach to the structure of psychopathology. Annu Rev Clin
Psychol. Mar 28, 2013;9(1):91-121. [doi: 10.1146/annurev-clinpsy-050212-185608] [Medline: 23537483]

Wichers M, Riese H, Hodges TM, Snippe E, Bos FM. A narrative review of network studies in depression: what different
methodological approaches tell us about depression. Front Psychiatry. Oct 28, 2021;12:719490. [EREE Full text] [doi:
10.3389/fpsyt.2021.719490] [Medline: 34777038]

David SJ, Marshall AJ, Evanovich EK, Mumma GH. Intraindividual dynamic network analysis - implications for clinical
assessment. J Psychopathol Behav Assess. Dec 1, 2018;40(2):235-248. [ EREE Full text] [doi: 10.1007/s10862-017-9632-8]
[Medline: 29937621]

Fisher AJ, Reeves JW, Lawyer G, Medaglia JD, Rubel JA. Exploring the idiographic dynamics of mood and anxiety via
network analysis. JAbnorm Psychol. Nov 2017;126(8):1044-1056. [ FREE Full text] [doi: 10.1037/abn0000311] [Medline:
29154565]

Rodriguez M, Aalbers G, McNally RJ. Idiographic network models of social media use and depression symptoms. Cogn
Ther Res. May 22, 2021;46(1):124-132. [doi: 10.1007/s10608-021-10236-2]

Kaiser T, Laireiter AR. Process-symptom-bridgesin psychotherapy: an idiographic network approach. J Pers Oriented Res.
Dec 27, 2018;4(2):49-62. [FREE Full text] [doi: 10.17505/jpor.2018.06] [Medline: 33569133]

Levinson CA, Hunt RA, Keshishian AC, Brown ML, Vanzhulal, Christian C, et al. Using individual networks to identify
treatment targetsfor eating disorder treatment: a proof-of-concept study and initial data. JEat Disord. Nov 04, 2021;9(1):147.
[FREE Full text] [doi: 10.1186/s40337-021-00504-7] [Medline: 34736538]

Haslbeck JM, Bringmann LF, Waldorp LJ. A tutorial on estimating time-varying vector autoregressive models. M ultivariate
Behav Res. Apr 23, 2021;56(1):120-149. [doi: 10.1080/00273171.2020.1743630] [Medline: 32324066]

Bringmann LF, Albers C, Bockting C, Borsboom D, Ceulemans E, Cramer A, et a. Psychopathological networks: theory,
methods and practice. Behav Res Ther. Feb 2022;149:104011. [FREE Full text] [doi: 10.1016/j.brat.2021.104011] [Medline:
34998034]

Wichers M, Groot PC, Psychosystems, ESM Group, EWS Group. Critical slowing down as a personalized early warning
signal for depression. Psychother Psychosom. Jan 26, 2016;85(2):114-116. [FREE Full text] [doi: 10.1159/000441458]
[Medline: 26821231]

Wrzus C, Neubauer A. Ecological momentary assessment: a meta-analysis on designs, samples, and compliance across
research fields. PsyArXiv. Preprints posted online on October 13, 2021. [FREE Full text] [doi: 10.31234/osf.io/vmr8q]
Haslbeck JM, Waldorp LJ. mgm: estimating time-varying mixed graphical modelsin high-dimensional data. J Stat Softw.
2020;93(8):1-46. [FREE Full text] [doi: 10.18637/jss.v093.i08]

Lorenz N, Sander C, Ivanova G, Hegerl U. Temporal associations of daily changesin sleep and depression core symptoms
in patients suffering from major depressive disorder: idiographic time-series analysis. IMIR Ment Health. Apr 23,
2020;7(4):€17071. [FREE Full text] [doi: 10.2196/17071] [Medline: 32324147]

Drieling T, Schérer LO, Langosch JM. Theinventory of depressive symptomatology: German translation and psychometric
validation. Int J Methods Psychiatr Res. Dec 2007;16(4):230-236. [FREE Full text] [doi: 10.1002/mpr.226] [Medline:
18200596]

Boden S. Diagnostik von Depressivitat: Validierung des Inventars depressiver Symptome (IDS). Eberhard Karl University
of Tubingen. 2018. URL: https://publikationen.uni-tuebingen.de/xmlui/handle/10900/87535 [accessed 2024-03-23]
Mansueto AC, Wiers RW, van Weert JC, Schouten BC, Epskamp S. Investigating the feasibility of idiographic network
models. Psychol Methods. Oct 2023;28(5):1052-1068. [doi: 10.1037/met0000466] [Medline: 34990189]

Klintwall L, Bellander M, Cervin M. Perceived causal problem networks: reliability, central problems, and clinical utility
for depression. Assessment. Jan 01, 2023;30(1):73-83. [EREE Full text] [doi: 10.1177/10731911211039281] [Medline:
34467772)

Bernstein EE, Heeren A, McNally RJ. Reexamining trait rumination as a system of repetitive negative thoughts: a network
analysis. J Behav Ther Exp Psychiatry. Jun 2019;63:21-27. [doi: 10.1016/j.jbtep.2018.12.005] [Medline: 30590225]
Nolen-Hoeksema S, Wisco BE, Lyubomirsky S. Rethinking rumination. Perspect Psychol Sci. Sep 2008;3(5):400-424.
[doi: 10.1111/j.1745-6924.2008.00088.x] [Medline: 26158958]

Olatunji BO, Naragon-Gainey K, Wolitzky-Taylor KB. Specificity of rumination in anxiety and depression: a multimodal
meta - analysis. Clin Psychol Sci Pract. Sep 2013;20(3):225-257. [doi: 10.1037/h0101719]

https://mental.jmir.org/2024/1/e50136 JMIR Ment Health 2024 | vol. 11 | €50136 | p. 12

(page number not for citation purposes)


http://dx.doi.org/10.1016/j.beth.2019.02.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31422849&dopt=Abstract
https://doi.org/10.1159/000487769
http://dx.doi.org/10.1159/000487769
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29680835&dopt=Abstract
http://dx.doi.org/10.1080/10410236.2019.1652388
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31488002&dopt=Abstract
http://dx.doi.org/10.1177/0963721416666518
http://dx.doi.org/10.1146/annurev-clinpsy-050212-185608
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23537483&dopt=Abstract
https://europepmc.org/abstract/MED/34777038
http://dx.doi.org/10.3389/fpsyt.2021.719490
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34777038&dopt=Abstract
https://europepmc.org/abstract/MED/29937621
http://dx.doi.org/10.1007/s10862-017-9632-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29937621&dopt=Abstract
https://doi.org/10.1037/abn0000311
http://dx.doi.org/10.1037/abn0000311
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29154565&dopt=Abstract
http://dx.doi.org/10.1007/s10608-021-10236-2
https://europepmc.org/abstract/MED/33569133
http://dx.doi.org/10.17505/jpor.2018.06
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33569133&dopt=Abstract
https://jeatdisord.biomedcentral.com/articles/10.1186/s40337-021-00504-7
http://dx.doi.org/10.1186/s40337-021-00504-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34736538&dopt=Abstract
http://dx.doi.org/10.1080/00273171.2020.1743630
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32324066&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0005-7967(21)00210-2
http://dx.doi.org/10.1016/j.brat.2021.104011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34998034&dopt=Abstract
https://doi.org/10.1159/000441458
http://dx.doi.org/10.1159/000441458
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26821231&dopt=Abstract
https://osf.io/preprints/psyarxiv/vmr8q
http://dx.doi.org/10.31234/osf.io/vmr8q
http://paperpile.com/b/Y3uD5E/jZp8G
http://dx.doi.org/10.18637/jss.v093.i08
https://mental.jmir.org/2020/4/e17071/
http://dx.doi.org/10.2196/17071
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32324147&dopt=Abstract
https://europepmc.org/abstract/MED/18200596
http://dx.doi.org/10.1002/mpr.226
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18200596&dopt=Abstract
https://publikationen.uni-tuebingen.de/xmlui/handle/10900/87535
http://dx.doi.org/10.1037/met0000466
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34990189&dopt=Abstract
https://journals.sagepub.com/doi/abs/10.1177/10731911211039281?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/10731911211039281
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34467772&dopt=Abstract
http://dx.doi.org/10.1016/j.jbtep.2018.12.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30590225&dopt=Abstract
http://dx.doi.org/10.1111/j.1745-6924.2008.00088.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26158958&dopt=Abstract
http://dx.doi.org/10.1037/h0101719
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH Siepeet d

38.

39.

40.

41.

42.

43.

45,

46.

47.

48.

49,

50.

51.

52.

53.

55.

56.

57.

58.

59.

60.

61.

Watkins E. Psychological treatment of depressive rumination. Curr Opin Psychol. Aug 2015;4:32-36. [doi:
10.1016/j.copsyc.2015.01.020]

Ebrahimi OV, Burger J, Hoffart A, Johnson SU. Within- and across-day patterns of interplay between depressive symptoms
and related psychopathological processes: a dynamic network approach during the COVID-19 pandemic. BMC Med. Nov
30, 2021;19(1):317. [FREE Full text] [doi: 10.1186/s12916-021-02179-y] [Medline: 34844588]

Lunansky G, van Borkulo CD, Haslbeck JM, van der Linden MA, Garay CJ, Etchevers MJ, et al. The mental health
ecosystem: extending symptom networks with risk and protective factors. Front Psychiatry. Mar 18, 2021;12:640658.
[FREE Full text] [doi: 10.3389/fpsyt.2021.640658] [Medline: 33815173]

Hirschfeld RM, Montgomery SA, Keller MB, Kasper S, Schatzberg AF, Méller HJ, et a. Social functioning in depression:
areview. J Clin Psychiatry. Apr 15, 2000;61(4):268-275. [doi: 10.4088/jcp.v61n0405] [Medline: 10830147]

Gariépy G, Honkaniemi H, Quesnel-Vallée A. Sacial support and protection from depression: systematic review of current
findings in Western countries. Br J Psychiatry. Oct 02, 2016;209(4):284-293. [doi: 10.1192/bjp.bp.115.169094] [Medline:
27445355]

Brown LH, Strauman T, Barrantes-Vidal N, Silvia PJ, Kwapil TR. An experience-sampling study of depressive symptoms
and their social context. JNerv Ment Dis. Jun 2011;199(6):403-409. [doi: 10.1097/NM D.0b013e31821cd24b] [Medline:
21629020]

Elmer T, Stadtfeld C. Depressive symptoms are associated with social isolation in face-to-face interaction networks. Sci
Rep. Jan 29, 2020;10(1):1444. [FREE Full text] [doi: 10.1038/s41598-020-58297-9] [Medline: 31996728]

Chevance A, Ravaud P, Tomlinson A, Le Berre C, Teufer B, Touboul S, et a. Identifying outcomes for depression that
matter to patients, informal caregivers, and health-care professionals: qualitative content analysis of alarge international
online survey. Lancet Psychiatry. Aug 2020;7(8):692-702. [doi: 10.1016/S2215-0366(20)30191-7] [Medline: 32711710]
Elmer T, Geschwind N, Peeters F, Wichers M, Bringmann L. Getting stuck in social isolation: solitude inertiaand depressive
symptoms. J Abnorm Psychol. Oct 2020;129(7):713-723. [doi: 10.1037/abn0000588] [Medline: 32672987]

Fried El. The 52 symptoms of major depression: lack of content overlap among seven common depression scales. J Affect
Disord. Jan 15, 2017;208:191-197. [doi: 10.1016/j.jad.2016.10.019] [Medline: 27792962]

Baglioni C, Nanovska S, Regen W, Spiegelhalder K, Feige B, Nissen C, et a. Sleep and mental disorders: a meta-analysis
of polysomnographic research. Psychol Bull. Sep 2016;142(9):969-990. [FREE Full text] [doi: 10.1037/bul0000053]
[Medline: 27416139]

Nutt D, Wilson S, Paterson L. Sleep disorders as core symptoms of depression. Dialogues Clin Neurosci. Apr 01,
2022;10(3):329-336. [doi: 10.31887/dcns.2008.10.3/dnuitt]

Alvaro PK, Roberts RM, Harris JK. A systematic review assessing bidirectionality between sleep disturbances, anxiety,
and depression. Sleep. Jul 01, 2013;36(7):1059-1068. [FREE Full text] [doi: 10.5665/deep.2810] [Medline: 23814343]
Cunningham JE, Shapiro CM. Cognitive behavioural therapy for insomnia (CBT-1) to treat depression: asystematic review.
JPsychosom Res. Mar 2018;106:1-12. [doi: 10.1016/j.jpsychores.2017.12.012] [Medline: 29455893]

Fillai V, Steenburg LA, CieslaJA, Roth T, Drake CL. A seven day actigraphy-based study of rumination and deep disturbance
among young adults with depressive symptoms. J Psychosom Res. Jul 2014;77(1):70-75. [doi:
10.1016/j.jpsychores.2014.05.004] [Medline: 24913345]

Maneal, Gilbody S, Hewitt C, North A, Plummer F, Richardson R, et a. Identifying depression with the PHQ-2: adiagnostic
meta-analysis. J Affect Disord. Oct 2016;203:382-395. [doi: 10.1016/j.jad.2016.06.003] [Medline: 27371907]

Staples LG, Dear BF, Gandy M, Fogliati V, Fogliati R, Karin E, et al. Psychometric properties and clinical utility of brief
measures of depression, anxiety, and general distress. the PHQ-2, GAD-2, and K-6. Gen Hosp Psychiatry. Jan 2019;56:13-18.
[FREE Full text] [doi: 10.1016/j.genhosppsych.2018.11.003] [Medline: 30508772]

Chen J, Chen Z. Extended Bayesian information criteriafor model selection with large model spaces. Biometrika. Sep 01,
2008;95(3):759-771. [FREE Full text] [doi: 10.1093/biomet/asn034]

Epskamp S, Fried El. A tutorial on regularized partial correlation networks. Psychol Methods. Dec 2018;23(4):617-634.
[doi: 10.1037/met0000167] [Medline: 29595293]

Hastie T, Friedman JH, Tibshirani R. The Elements of Statistical Learning: Data Mining, Inference, and Prediction. 2nd
edition. Cham, Switzerland. Springer; 2017.

Dablander F, Ryan O, Haslbeck JM. Choosing between AR(1) and VAR(1) modelsin typical psychological applications.
PL0S One. Oct 29, 2020;15(10):e0240730. [FREE Full text] [doi: 10.1371/journal.pone.0240730] [Medline: 33119716]
Kirtley OJ, Lafit G, Achterhof R, Hiekkaranta AP, Myin-Germeys |. Making the black box transparent: a template and
tutorial for registration of studies using experience-sampling methods. Adv Methods Pract Psychol Sci. Mar 02,
2021;4(1):251524592092468. [doi: 10.1177/2515245920924686]

Siepe BS, Sander C, Schultze M, Kliem A, Ludwig S, Hegerl U, et al. Supplementary materials for temporal dynamics of
depressive symptomatology: an idiographic time series analysis applying network models to patients with depressive
disorders. PsyArXiv. Preprints posted online on July 13, 2022. [FREE Full text] [doi: 10.31234/0sf.io/hnw69)]

First MB, Gibbon M. The structured clinical interview for DSM-IV Axis | Disorders (SCID-1) and the structured clinical
interview for DSM-1V Axis |l Disorders (SCID-II). In: Hilsenroth MJ, Segal DL, Hersen M, editors. Comprehensive
Handbook of Psychological Assessment. Volume 2. Hoboken, NJ. John Wiley & Sons; 2004;134-143.

https://mental.jmir.org/2024/1/e50136 JMIR Ment Health 2024 | vol. 11 | €50136 | p. 13

(page number not for citation purposes)


http://dx.doi.org/10.1016/j.copsyc.2015.01.020
https://bmcmedicine.biomedcentral.com/articles/10.1186/s12916-021-02179-y
http://dx.doi.org/10.1186/s12916-021-02179-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34844588&dopt=Abstract
https://europepmc.org/abstract/MED/33815173
http://dx.doi.org/10.3389/fpsyt.2021.640658
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33815173&dopt=Abstract
http://dx.doi.org/10.4088/jcp.v61n0405
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10830147&dopt=Abstract
http://dx.doi.org/10.1192/bjp.bp.115.169094
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27445355&dopt=Abstract
http://dx.doi.org/10.1097/NMD.0b013e31821cd24b
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21629020&dopt=Abstract
https://doi.org/10.1038/s41598-020-58297-9
http://dx.doi.org/10.1038/s41598-020-58297-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31996728&dopt=Abstract
http://dx.doi.org/10.1016/S2215-0366(20)30191-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32711710&dopt=Abstract
http://dx.doi.org/10.1037/abn0000588
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32672987&dopt=Abstract
http://dx.doi.org/10.1016/j.jad.2016.10.019
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27792962&dopt=Abstract
https://europepmc.org/abstract/MED/27416139
http://dx.doi.org/10.1037/bul0000053
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27416139&dopt=Abstract
http://dx.doi.org/10.31887/dcns.2008.10.3/dnutt
https://europepmc.org/abstract/MED/23814343
http://dx.doi.org/10.5665/sleep.2810
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23814343&dopt=Abstract
http://dx.doi.org/10.1016/j.jpsychores.2017.12.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29455893&dopt=Abstract
http://dx.doi.org/10.1016/j.jpsychores.2014.05.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24913345&dopt=Abstract
http://dx.doi.org/10.1016/j.jad.2016.06.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27371907&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0163-8343(18)30371-2
http://dx.doi.org/10.1016/j.genhosppsych.2018.11.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30508772&dopt=Abstract
https://doi.org/10.1093/biomet/asn034
http://dx.doi.org/10.1093/biomet/asn034
http://dx.doi.org/10.1037/met0000167
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29595293&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0240730
http://dx.doi.org/10.1371/journal.pone.0240730
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33119716&dopt=Abstract
http://dx.doi.org/10.1177/2515245920924686
https://osf.io/preprints/psyarxiv/hnw69
http://dx.doi.org/10.31234/osf.io/hnw69
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH Siepeet d

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.
73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

85.

Wittchen HU, Zaudig M, Fydrich T. Strukturiertes Klinisches Interview Fir DSM-1V (SKID): Achsel Und Il. Géttingen,
Germany. Hogrefe Publishing; 1997.

Rush AJ, Gullion CM, Basco MR, Jarrett RB, Trivedi MH. Thelnventory of Depressive Symptomatology (IDS): psychometric
properties. Psychol Med. May 1996;26(3):477-486. [FREE Full text] [doi: 10.1017/s0033291700035558] [Medline; 8733206]
Kroenke K, Spitzer RL, Williams JB. The patient health questionnaire-2: validity of atwo-item depression screener. Med
Care. 2003;4(11):1284-1292. [FREE Full text] [doi: 10.1097/01.mlr.0000093487.78664.3c]

American Psychiatric Association. Diagnostic and Statistical Manual of Mental Disorders (DSM-5). New York, NY.
American Psychiatric Association; 2013.

R Core Team. R: alanguage and environment for statistical computing. R Foundation for Statistical Computing. URL:
https.//www.R-project.org/ [accessed 2024-03-23]

Moritz S, Bartz-Beielstein T. imputeT S: time series missing value imputation in R. R J. 2017;9(1):207-218. [FREE Full
text] [doi: 10.32614/rj-2017-009]

Bringmann LF, Ferrer E, Hamaker EL, Borsboom D, Tuerlinckx F. Modeling nonstationary emotion dynamics in dyads
using atime-varying vector-autoregressive model. Multivariate Behav Res. Mar 05, 2018;53(3):293-314. [FREE Full text]
[doi: 10.1080/00273171.2018.1439722] [Medline: 29505311]

Chen M, Chow SM, Hammal Z, Messinger DS, Cohn JF. A person- and time-varying vector autoregressive model to capture
interactive infant-mother head movement dynamics. Multivariate Behav Res. Jun 12, 2021;56(5):739-767. [FREE Full
text] [doi: 10.1080/00273171.2020.1762065] [Medline: 32530313]

Howe E, Bosley HG, Fisher AJ. Idiographic network analysis of discrete mood states prior to treatment. Couns Psychother
Res. Feb 14, 2020;20(3):470-478. [FREE Full text] [doi: 10.1002/capr.12295]

Epskamp S, Cramer AOJ, Waldorp LJ, Schmittmann VD, Borsboom D. qgraph: network visualizations of relationshipsin
psychometric data. J Stat Softw. 2012;48(4):1-18. [EREE Full text] [doi: 10.18637/jss.v048.i04]

Ghosh S. Kernel Smoothing: Principles, Methods and Applications. Hoboken, NJ. John Wiley & Sons; 2018.

Tibshirani R. Regression shrinkage and selection viathe Lasso. JR Stat Soc Series B Stat Methodol. Dec 05,
2018;58(1):267-288. [FREE Full text] [doi: 10.1111/].2517-6161.1996.tb02080.x]

Bean CA, Heggeness L F, Kalmbach DA, CieslaJA. Ruminativeinertiaand its association with current severity and lifetime
course of depression. Clin Psychol Sci. Sep 15, 2020;8(6):1007-1016. [doi: 10.1177/2167702620949174]

Scholten S, Rubel J, Glombiewski J, Milde C. What time-varying network model s based on functional analysistell us about
the course of apatient's problem. OSF. Preprint posted onlineon May 16, 2023. [FREE Full text] [doi: 10.31219/osf.i0/gz3c2]
Nemesure MD, Collins AC, Price GD, Griffin TZ, Pillai A, Nepal S, et al. Depressive symptoms as a heterogeneous and
constantly evolving dynamical system: idiographic depressive symptom networks of rapid symptom changes among persons
with major depressive disorder. J Psychopathol Clin Sci. Feb 2024;133(2):155-166. [doi: 10.1037/abn0000884] [Medline:
38271054]

Cramer AO, van Borkulo CD, Giltay EJ, van der Maas HL, Kendler KS, Scheffer M, et al. Major depression as a complex
dynamic system. PL0oS One. Dec 8, 2016;11(12):€0167490. [FREE Full text] [doi: 10.1371/journal.pone.0167490] [Medline:
27930698]

Robinaugh DJ, HoekstraRH, Toner ER, Borsboom D. The network approach to psychopathology: areview of theliterature
2008-2018 and an agenda for future research. Psychol Med. Feb 26, 2020;50(3):353-366. [FREE Full text] [doi:
10.1017/S0033291719003404] [Medline: 31875792]

Jaso BA, Kraus NI, Heller AS. Identification of careless responding in ecological momentary assessment research: from
posthoc analysesto real -time data monitoring. Psychol Methods. Dec 16, 2022;27(6):958-981. [doi: 10.1037/met0000312]
[Medline: 34582244]

Albers CJ, Bringmann LF. Inspecting gradual and abrupt changes in emotion dynamics with the time-varying change point
autoregressive model. Eur J Psychol Assess. May 2020;36(3):492-499. [doi: 10.1027/1015-5759/a000589]

Bringmann L F. Person-specific networksin psychopathology: past, present, and future. Curr Opin Psychol. Oct 2021;41:59-64.
[FREE Full text] [doi: 10.1016/j.copsyc.2021.03.004] [Medline: 33862345]

Frumkin MR, Piccirillo ML, Beck ED, Grossman JT, Rodebaugh TL. Feasibility and utility of idiographic modelsin the
clinic: apilot study. Psychother Res. Apr 24, 2021;31(4):520-534. [EREE Full text] [doi: 10.1080/10503307.2020.1805133]
[Medline: 32838671]

Burger J, Epskamp S, van der Veen DC, Dablander F, Schoevers RA, Fried El, et al. A clinical PREMISE for personalized
models: toward aformal integration of case formulations and statistical networks. J Psychopathol Clin Sci. Nov
2022;131(8):906-916. [doi: 10.1037/abn0000779] [Medline: 36326631]

Beltz AM, Wright AG, Sprague BN, Molenaar PC. Bridging the nomothetic and idiographic approaches to the analysis of
clinical data. Assessment. Aug 2016;23(4):447-458. [FREE Full text] [doi: 10.1177/1073191116648209] [Medline:
27165092

Fisher ZF, Chow SM, Molenaar PC, Fredrickson BL, Pipiras V, Gates KM. A sgquare-root second-order extended Kalman
filtering approach for estimating smoothly time-varying parameters. Multivariate Behav Res. Oct 07, 2022;57(1):134-152.
[FREE Full text] [doi: 10.1080/00273171.2020.1815513] [Medline: 33025834]

https://mental.jmir.org/2024/1/e50136 JMIR Ment Health 2024 | vol. 11 | €50136 | p. 14

(page number not for citation purposes)


https://europepmc.org/abstract/MED/30886898
http://dx.doi.org/10.1017/s0033291700035558
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8733206&dopt=Abstract
https://doi.org/10.1097/01.mlr.0000093487.78664.3c
http://dx.doi.org/10.1097/01.mlr.0000093487.78664.3c
https://www.R-project.org/
https://doi.org/10.32614/RJ-2017-009
https://doi.org/10.32614/RJ-2017-009
http://dx.doi.org/10.32614/rj-2017-009
https://core.ac.uk/reader/159516103?utm_source=linkout
http://dx.doi.org/10.1080/00273171.2018.1439722
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29505311&dopt=Abstract
https://europepmc.org/abstract/MED/32530313
https://europepmc.org/abstract/MED/32530313
http://dx.doi.org/10.1080/00273171.2020.1762065
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32530313&dopt=Abstract
https://doi.org/10.1002/capr.12295
http://dx.doi.org/10.1002/capr.12295
https://www.jstatsoft.org/article/view/v048i04
http://dx.doi.org/10.18637/jss.v048.i04
https://doi.org/10.1111/j.2517-6161.1996.tb02080.x
http://dx.doi.org/10.1111/j.2517-6161.1996.tb02080.x
http://dx.doi.org/10.1177/2167702620949174
https://osf.io/preprints/osf/gz3c2
http://dx.doi.org/10.31219/osf.io/gz3c2
http://dx.doi.org/10.1037/abn0000884
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38271054&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0167490
http://dx.doi.org/10.1371/journal.pone.0167490
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27930698&dopt=Abstract
https://europepmc.org/abstract/MED/31875792
http://dx.doi.org/10.1017/S0033291719003404
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31875792&dopt=Abstract
http://dx.doi.org/10.1037/met0000312
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34582244&dopt=Abstract
http://dx.doi.org/10.1027/1015-5759/a000589
https://linkinghub.elsevier.com/retrieve/pii/S2352-250X(21)00030-0
http://dx.doi.org/10.1016/j.copsyc.2021.03.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33862345&dopt=Abstract
https://europepmc.org/abstract/MED/32838671
http://dx.doi.org/10.1080/10503307.2020.1805133
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32838671&dopt=Abstract
http://dx.doi.org/10.1037/abn0000779
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36326631&dopt=Abstract
https://europepmc.org/abstract/MED/27165092
http://dx.doi.org/10.1177/1073191116648209
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27165092&dopt=Abstract
https://europepmc.org/abstract/MED/33025834
http://dx.doi.org/10.1080/00273171.2020.1815513
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33025834&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH Siepeet d

86.

87.

88.

89.

90.

Schuurman NK, Houtveen JH, Hamaker EL. Incorporating measurement error in n = 1 psychological autoregressive
modeling. Front Psychol. Jul 28, 2015;6:1038. [FREE Full text] [doi: 10.3389/fpsyq.2015.01038] [Medline: 26283988]
Fried El, Cramer AO. Moving forward: challenges and directionsfor psychopathol ogical network theory and methodol ogy.
Perspect Psychol Sci. Nov 05, 2017;12(6):999-1020. [doi: 10.1177/1745691617705892] [Medline: 28873325]

Haslbeck JM, Ryan O. Recovering within-person dynamics from psychological time series. Multivariate Behav Res. Jun
21, 2022;57(5):735-766. [doi: 10.1080/00273171.2021.1896353] [Medline: 34154483]

Williams DR, Rhemtulla M, Wysocki AC, Rast P. On nonregularized estimation of psychological networks. Multivariate
Behav Res. 2019;54(5):719-750. [FREE Full text] [doi: 10.1080/00273171.2019.1575716] [Medline: 30957629]
Williams DR. The confidence interval that wasn't: bootstrapped “ confidenceintervals’ in L1-regularized partia correlation
networks. PsyArXiv. Preprints posted online on May 5, 2021. [FREE Full text] [doi: 10.31234/osf.io/kjh2f]

Abbreviations

IDS-C: Inventory of Depressive Symptomatology, Clinician Rated

lasso: least absolute shrinkage and selection operator

RM SE: root mean squared error

STEADY: Sensor-Based System for Therapy Support and Management of Depression
VAR: vector autoregressive

Edited by J Torous; submitted 20.06.23; peer-reviewed by L Bringmann, M Rubin; comments to author 04.01.24; revised version
received 27.01.24; accepted 14.02.24; published 18.04.24

Please cite as:

Sepe BS, Sander C, Schultze M, Kliem A, Ludwig S, Hegerl U, Reich H

Time-Varying Network Models for the Temporal Dynamics of Depressive Symptomatology in Patients With Depressive Disorders:
Secondary Analysis of Longitudinal Observational Data

JMIR Ment Health 2024;11:€50136

URL: https://mental.jmir.org/2024/1/€50136

doi: 10.2196/50136

PMID:

©Bjorn Sebastian Siepe, Christian Sander, Martin Schultze, Andreas Kliem, Sascha Ludwig, Ulrich Hegerl, Hanna Reich.
Originally published in IMIR Mental Health (https://mental.jmir.org), 18.04.2024. Thisisan open-access article distributed under
theterms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted
use, distribution, and reproduction in any medium, provided the original work, first published in IMIR Mental Health, is properly
cited. The complete bibliographic information, alink to the origina publication on https:.//mental.jmir.org/, aswell asthis copyright
and license information must be included.

https://mental.jmir.org/2024/1/e50136 JMIR Ment Health 2024 | vol. 11 | €50136 | p. 15

RenderX

(page number not for citation purposes)


https://europepmc.org/abstract/MED/26283988
http://dx.doi.org/10.3389/fpsyg.2015.01038
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26283988&dopt=Abstract
http://dx.doi.org/10.1177/1745691617705892
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28873325&dopt=Abstract
http://dx.doi.org/10.1080/00273171.2021.1896353
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34154483&dopt=Abstract
https://europepmc.org/abstract/MED/30957629
http://dx.doi.org/10.1080/00273171.2019.1575716
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30957629&dopt=Abstract
https://osf.io/preprints/psyarxiv/kjh2f
http://dx.doi.org/10.31234/osf.io/kjh2f
https://mental.jmir.org/2024/1/e50136
http://dx.doi.org/10.2196/50136
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

